Managing spatially structured populations of imperiled species presents many challenges. Spatial structure can make it difficult to predict population responses to potential recovery activities, and learning through experimentation may not be advised if it could harm threatened populations. Adaptive management provides an appealing framework when experimentation is considered too risky or time consuming; we used such an approach for imperiled flatwoods salamanders at a Florida wildlife refuge. We represented this metapopulation with category count models and used stochastic dynamic programming to identify optimal decision policies that weighed trade-offs between metapopulation persistence and management costs. We defined possible wetland categories in terms of habitat suitability and occupancy, specified category-specific management actions, and identified transition probabilities via expert elicitation for two management strategies: "future" status quo (FSQ; frequent growing-season burns) and extra management actions (EMA; restoration, translocation, head-starting). We simulated metapopulation dynamics using the resulting optimal management policy and found that under model FSQ, occupancy steadily declined over time, indicating that populations would rapidly become extirpated; with model EMA, occupancy remained stable, suggesting that populations would persist only if additional actions are applied and are effective. This approach can be used to identify optimal solutions while accounting for uncertainty and considering both habitat and population dynamics, and to help managers make conservation decisions for populations at imminent risk of extinction.
| INTRODUCTION
Natural resource management decisions often involve high levels of uncertainty, but the management of spatially structured populations can add substantial complexity to decision problems. Some complications can be simplified by ignoring the spatial structure of a system, but, in other cases, accounting for spatial dynamics can significantly improve decision outcomes. Metapopulation models are useful approximations to explore the dynamics of many spatially structured populations and they have been used in the context of decision analyses (Bogich & Shea, 2008; Westphal, Pickett, Getz, & Possingham, 2003) . One appeal of applying these models to decision making is that they can approximate complex systems with very simple models and therefore reduce computational problems caused by the "curse of dimensionality" (Fackler, Pacifici, Martin, & McIntyre, 2014; Marescot et al., 2013; Wilson, McBride, Bode, & Possingham, 2006) .
As anthropogenic pressures on ecosystems increase, many metapopulations are facing greater risks of extinctions (Ceballos et al., 2015) . Management of imperiled species involves added challenges, including difficulties in monitoring rare and elusive species, legal and practical constraints on experimentation (which reduce the ability to learn quickly), and the reality that extinction corresponds to an irreversible "absorbing state" that adds risk to management decisions. Decision-analytic models, like the one we will present here, can address issues of spatially structured populations, absorbing states, and uncertainty. For recurrent decisions, adaptive management can be used to systematically reduce uncertainty over time (Walters & Holling, 1990; Williams, 2011a) . There is a misconception that adaptive management is inherently too risky in cases involving threatened or endangered species (Allen & Gunderson, 2011) ; however, formal decision-analytic approaches integrate decision makers' attitudes about risk, ensuring that a chosen course of action will account for the value of learning relative to that risk (Runge, 2011) .
Individuals within many imperiled populations are elusive and hard to detect, which makes rigorous monitoring difficult to implement and often results in a lack of key demographic parameters. One management option is to maintain status quo or postpone new recovery actions until necessary data have been collected and then develop rigorous models that link actions to predicted outcomes. However, such an approach may lead to lost opportunities for recovery . As noted by others, "doing nothing" is in fact a decision, though it is often a poor one (Maguire & Albright, 2005; Samuelson & Zeckhauser, 1988 ). An alternative is to use a decision science approach (e.g., structured decision making [SDM] ; Conroy & Peterson, 2013) , construct models based on best available information, and use expert elicitation to fill information gaps . This approach can help managers to (a) think more clearly about the decision problem, (b) identify actions that would potentially perform better than status quo, and (c) recognize important sources of uncertainty and prioritize data collection for the most critical model parameters. This strategy can also stimulate the set-up of a rigorous framework that ties management objectives, potential actions, scientific models, optimization, and targeted monitoring in a transparent way, which can be updated as new data become available.
Conservation decision-makers are often faced with management problems that do not have obvious solutions. They may be uncertain about the relative effectiveness of the various actions that have been proposed to solve the problem. In a decision science approach, the manager would evaluate the predicted success of potential alternative actions, consider trade-offs, and choose the action that they expect to have the best outcome. When decisions are recurrent and system dynamics are complex and uncertain, we can frame the problem as a Markov decision process (MDP), in which future states depend only on the current system state and the action taken. At each time step, a decision-maker determines the current system state, chooses among the possible actions, and implements an action; the system then transitions between states (Marescot et al., 2013) . The value of the system in the next time step is known as the "reward." The optimal solution to an MDP (referred to as a "policy") tells the decision-maker the best action to take for each system state. One way to generate that optimal management policy is through the optimization method of stochastic dynamic programming (SDP; Chadès et al., 2017; Marescot et al., 2013) . The SDP approach has been applied in a range of conservation decisions, including those about managing imperiled species (Johnson et al., 2011; Martin et al., 2011; McDonald-Madden et al., 2010) , fire management practices (Richards, Possingham, & Tizard, 1999) , and controlling invasive species (Bogich & Shea, 2008; Shea & Possingham, 2000) . Some of the key features of this framework are: (a) that it allows for the consideration of sequential decisions (i.e., a decision made today has consequences for future decisions), which remains too uncommon in conservation decision making; (b) it can be used to discriminate among alternative hypotheses without using formal experimentation; (c) it is well suited for applications related to spatially structured systems such as metapopulations; and (d) it accounts for the dynamics of habitat suitability. Several studies (e.g., African elephants, Martin et al., 2010; amphibians, Miller, Brehme, Hines, Nichols, & Fisher, 2012; Florida scrub jays, Johnson et al., 2011) have demonstrated the usefulness of modeling occupancy and habitat simultaneously, yet, few have incorporated these models into dynamic optimization models.
We used SDP to develop an optimal policy for adaptive management of frosted flatwoods salamanders (Ambystoma cingulatum; federally threatened). These pond-breeding salamanders inhabit wetlands embedded in the pine-wiregrass ecosystem of the southeastern United States. Flatwoods salamanders have complex life cycles (i.e., larvae are aquatic, postmetamorphic salamanders are terrestrial). Their decline is thought to be driven by widespread destruction of longleaf pine environments (Means, Palis, & Baggett, 1996) and degradation of remaining habitat due to fire suppression (Bishop & Haas, 2005) . Land managers are attempting to restore flatwoods salamander habitat, but uncertainty remains about the ideal course of action. To help resolve uncertainty regarding system dynamics and treatment effectiveness, we used a structured decision-making process to set up an adaptive management framework for one of the last strongholds for A. cingulatum-St. Marks National Wildlife Refuge (SMNWR; O'Donnell et al., 2017) . Our study objective was to identify the best sequence of potential management actions with respect to our management objectives (flatwood salamanders' persistence and cost) and to our understanding of the system. We considered two alternative models that represented alternative hypotheses about how salamanders would respond to management actions. The adaptive management framework would allow us to discriminate among these hypotheses over time by monitoring the effects of management actions. Here, we give a brief overview of our decision approach, and we illustrate how we used an SDP-based category count model (Fackler, 2012) to address epistemic uncertainty about our system.
| METHODS

| Decision context
We held a 4-day decision-making workshop in February 2015 to address habitat and population management of frosted flatwoods salamanders at SMNWR. We sought to define management objectives, develop possible actions, and assess how to best meet management goals given limited resources. Representatives from federal agencies (U.S. Fish and Wildlife Service, U.S. Geological Survey), nongovernmental organizations, and university scientists participated in the workshop. We continued developing the decision model after the workshop, which we describe here in terms of the key elements of SDP: Objectives, states, actions, transition probabilities, costs, and optimization (Marescot et al., 2013) .
| Objectives
At the workshop, we defined two primary fundamental objectives: (a) maximizing the likelihood of population persistence and (b) minimizing costs. In the model presented here, we used the number of occupied wetlands as a proxy for population persistence.
| States
We recognized that management actions would depend on both habitat suitability (suitable or unsuitable) and occupancy (occupied or not occupied). We defined four possible categories: Suitable/occupied (S/O), suitable/ not occupied (S/N), unsuitable/occupied (U/O), and unsuitable/not occupied (U/N).
An ideal modeling framework for this case would be spatially explicit, with site characteristics correlated by distance (e.g., closer sites are more likely to be in the same category). However, optimizing a spatially explicit management policy is often computationally intractable for problems of realistic size (Fackler, 2012; Nicol & Chadès, 2011; Schapaugh & Tyre, 2012) . Category count models are useful alternatives that ignore direct interactions between sites (Fackler, 2012; Tyre et al., 2011) ; each site is assigned to a category (here, S/O, S/N, U/O, or U/N) at time step t, and the site's future category (t + 1) depends on its current category, the action applied at time t and, possibly, other factors that are common across all sites. When multiple sites are managed, we define the system state S t as a vector of length 4, where S t (i) represents the number of sites in category i at time t (i.e., {#S/ O, #S/N, #U/O, #U/N}). We delineated wetland clusters based on management unit boundaries ( Figure 1 ).
| Actions
During the workshop, the group quickly reached consensus that the existing management strategy was not sufficient to restore habitat. We agreed on a new management status quo for SMNWR consisting of more frequent (every 1-2 years) prescribed burns within the growing season (April-August; Knapp, Estes, & Skinner, 2009 )-a strategy we named the "future status quo" (O'Donnell et al., 2017 )-that would more closely align with historic fire patterns of the region (Noss, 2018) .
Previously, prescribed burns were conducted less frequently, typically during the dormant season (November-March) when fires would not penetrate wetland basins. In addition, we generated a list of extra management actions intended to either speed up habitat restoration or bolster salamander populations, and we defined categorydependent actions as follows. Thus, we specified two alternative strategies: (a) the future status quo (FSQ), in which the same management action (frequent growing-season burns) would be applied to each wetland, and (b) an "all-of-the-above" strategy, in which all applicable extra management actions (EMA) would be taken at each wetland (i.e., head-starting, restoration, translocation), in addition to FSQ burning.
The set of actions taken at time t can be denoted by a 4 × 2 matrix A t with element A ij representing the number of sites currently in category i that receive treatment j (j = 1 for FSQ and j = 2 for EMA). A set of actions is feasible if A i1 + A i2 = S(i) (i.e., the number of sites in category i allocated to both treatments must equal the total number of sites currently in category i). The set of feasible actions also depends on the system state (e.g., translocation can only be applied at S/N sites). A management policy, denoted d, is a decision rule or function that returns a feasible set of actions A t depending on the sites' state S t :
| Transitions
As with many other endangered species, we lacked empirical data necessary to define transition probabilities between categories. Therefore, we specified transition probabilities using expert elicitation, which can generate reliable outcomes when proper elicitation methods are used (Gustafson, Shukla, Delbecq, & Walster, 1973; Hemming, Burgman, Hanea, McBride, & Wintle, 2017; MacMillan & Marshall, 2006; Martin, Burgman, et al., 2012; Morgan, 2014; Runge, Converse, & Lyons, 2011) . We elicited all possible transition probabilities under the two alternative management strategies defined above (FSQ, EMA). Ten experts first completed the elicitation survey independently, attempting to estimate joint probabilities (e.g., probability of a site transitioning from unsuitable and not occupied [U/N] to suitable and occupied [S/O]). However, participants found it unwieldy to consider habitat and occupancy transitions simultaneously. Experts could estimate marginal transition probabilities more intuitively (e.g., probability of a site transitioning from unsuitable to suitable, regardless of occupancy status). Thus, we elicited marginal transition probabilities from the group, and recorded the group consensus for the lowest reasonable value, highest reasonable value, and best guess value for each possible transition (see Table S1 ; MacMillan & Marshall, 2006) . The high and low values were elicited with a confidence level of 95% (Johnson et al., 2017) . We then calculated joint probabilities as products of the appropriate marginal probabilities. Results presented here are based on best guess estimates (Table 1) . We made two key assumptions about transition probabilities. First, we assumed that future habitat suitability depends only on the current suitability and the restoration action, but not on occupancy. As the EMA action restoration is never performed on already-suitable sites, the three probabilities that a site is suitable at time t + 1 are:
For the occupancy probabilities, the key assumption was that next period's occupancy is conditionally dependent on current suitability, current occupancy, and action taken, but not conditional on future suitability. These occupancy probabilities are summarized in the final row of Table 1 .
To account for potential metapopulation (cluster) extinction, we included an absorbing state in the transition probability matrices. If no sites within a metapopulation are occupied at time t, there is zero chance for any sites within this metapopulation to become occupied in future time steps. Thus, once a metapopulation enters the absorbing state, it cannot leave that state.
| Costs
We used field data, published information, previous work, and expert judgement to estimate annual per-site costs for all management actions (Table 2 ; see Supporting Information for calculation details, Appendix S2. For the results presented here, we specified that the ecological "damage" costs D were proportional to the number of sites occupied (D Not occupied = 1, D Occupied = 0); this amounts to a "penalty" when a site is not occupied. We can represent the per-site per-period utility function with a 4 × 2 matrix
where w is a utility weight that represents the trade-off between ecological damage costs (D) and treatment costs (C); both normalized to [0,1]. We put greater weight on population persistence than on treatment costs (w = 0.75) to reflect managers' concerns about maintaining one of the last remaining populations of the species. The total cost associated with a given feasible action is
The cost associated with a management policy d, denoted V d (S t ), represents the sum over time of the expected discounted management costs when the sites start in state S t and management policy d is implemented. The cost function, V d (S t ), satisfies the recursive Bellman's equation,
which describes the expected reward for following a management policy (decision rule) d(S t ) when the system is in state S t and transition model P is used. Note that V d (S t ) is composed of an immediate cost Cost(d(S t )) plus the expected discounted management cost in the future time step t + 1. The discount factor, γ, signifies that potential future costs have less impact on the current decision and also ensures model convergence; we applied a discount factor of γ = 0.98 that is commonly used for long-term environmental projects (Marescot et al., 2013) .
| Optimization
An optimal management policy d * will minimize the total cost for any possible state (i.e., maximizing the number of occupied sites less the enhanced management cost). We used the "catcountP" function in the MATLAB-based
MDPSolve package (Fackler, 2011) to compute the optimal management strategy for each cluster of sites. In this problem, the primary uncertainty about system dynamics was whether extra management actions are more effective than the FSQ for maximizing the number of occupied sites. We considered two alternative transition models P FSQ (.) and P EMA (.) to reflect the different hypotheses. Under transition model P FSQ (.), we assume that the extra management actions do not have significant impact; thus, the sites' transition probabilities are not influenced when extra management action are used. P FSQ (.) is simply the transition probability elicited for the case where only FSQ actions are used.
Conversely, under transition model P EMA (.), we assume that the extra management actions are effective. For example, under this model, the head-starting action increases the probability that a site will remain suitable and occupied from 70.7% under model P FSQ to 78% under model P EMA .
Because we are uncertain about which one of these transition models is true, the management policy d should also consider the current belief in these two models. We denote the belief in model EMA at time t as b t . (Note that because we only have two models, the belief in model FSQ is equal to 1 − b t ). If b t = 0 (i.e., the extra management actions are believed to be ineffective), then there is no advantage in using any extra management actions-doing so would increase the management cost without increasing our chance to improve the population status. Thus, our management policy d is a function of both the current state of the sites S t and the belief in the EMA model b t :
This approach is a type of active adaptive management (Williams, 2001) , because the beliefs (model weights) are updated at each step in the optimization using Bayes' rule: 
This is in contrast with passive adaptive management, in which model weights are updated outside of the optimization procedure (Williams, 2001) . The resulting optimal policy reflects a balance between short-term outcomes based on current knowledge and future rewards due to updated beliefs. Because we discretized b (in intervals of 0.01), the policy itself consists of a look-up table containing management prescriptions (number of sites per category to treat) for each possible system-state/beliefstate combination.
| Simulations
To illustrate the efficacy of the optimal management strategy d * , we simulated the state of wetland clusters over a 25-year time frame using the MDPSolve function "xpomdpsim." For each cluster, we specified an initial state S 0 that we believe approximates the actual landscape (i.e., based on annual occupancy surveys; see Table S2 ). We set the initial belief in the EMA model b 0 = 0.5, meaning that we are completely uncertain whether extra management actions are effective. In each time step, a management action was selected using the optimal strategy, and site transitions were simulated using the corresponding transition probability model ( Figure 2 ). Observations of new system states permit updating of the belief state, again based on Bayes rule (Equation 6 ). Based on the new belief and the current system state, the policy determined a new management action ( Figure 2 ). We simulated 50,000 trajectories for each scenario and used per-year means in results presented here. We explored how cluster size (i.e., number of wetlands in a metapopulation [N]) and initial state S 0 (i.e., number of sites per category; {#S/O, #S/N, #U/O, #U/N}) affected the speed of learning (i.e., rate of change in b, which shows how quickly we discriminate between competing models) by varying these two parameters in additional simulations. First, we varied the number of wetlands (N = 4, 8, or 10), but kept initial state S 0 constant (50% S/O, 50% U/O). Next, we kept cluster size constant (N = 8) and compared five initial states S 0 : {8,0,0,0}, {0,8,0,0}, {0,0,8,0}, {0,0,0,8}, and {2,2,2,2}. We report results from these simulations below, as they effectually illustrate general properties of the policy (but see Figures S1-S6 for SMNWR results).
| Expected value of perfect information
We calculated the expected value of perfect information (EVPI), which represents the increase in expected management performance (measured on the scale of U) if model uncertainty could be eliminated Williams, 2001) . We used a scenario with few sites (N = 4) to explore patterns in EVPI, resulting in 35 possible system states s t to evaluate. Each of the 35 states had a set of belief-dependent expected values. We calculated EVPI for the optimal policy d * using the formula
where m denotes a transition model (P FSQ or P EMA ), b m is the probability (belief) in model m, V m (S) is the value function when model m is known to be true, and V(s, b) is the optimal value for the average model (Williams & Johnson, 2015) . The first term in the EVPI calculation denotes the expected value under perfect information (i.e., b t = 0 or 1); the second term represents the best performance under continued uncertainty.
3 | RESULTS
| Elicited transition probabilities
We found several notable differences between the FSQ and EMA transition probabilities we elicited from experts F I G U R E 2 Diagram illustrating the simulation modeling procedure used to generate results in Figures 3-5 . At time t, the decision maker observes the number of ponds in each category (S t ) and their current belief in the extra management actions (EMA) model (b t ). They use this information to determine how many ponds per category to treat based on the optimal policy (d(S t , b t ) ! A t ). The current state and action determine the future state (S t + 1 ). That outcome, together with S t , b t , and A t are used to update their belief in the EMA model (b t + 1 ), and the process continues. Solid lines represent physical dependencies; dashed lines represent information dependencies ( Table 1 ). For sites currently U/O, the probability of remaining occupied (S/O or U/O) in the next time step increased from 56.8% using P FSQ to 82.6% using the P EMA model. These probabilities were greater than probabilities of current S/N sites becoming occupied (13.0% under P FSQ , 55.7% under P EMA ), which indicates that experts were more optimistic about keeping occupied sites occupied (even if habitat conditions are not ideal) than about unoccupied sites becoming occupied (even if habitat is ideal). For U/N sites, the greatest difference between strategies was the probability of a site becoming suitable (S/O or S/N), which increased from 30.0% under P FSQ to 70.0% under P EMA . Experts judged the probability of a U/N site becoming occupied to be low under both models (7.6% under P FSQ , 19.4% under P EMA ).
| Optimization
It is difficult to succinctly summarize the optimal policy, but some general patterns emerged ( Figures S7-S10 ). Nearly all unsuitable sites (both U/O and U/N) were prescribed extra management actions (EMA) when the belief that extra management actions were effective was 0.3 or greater (b ≥ 0.3; Figures S8 and S9 ). When b < 0.3, more unsuitable sites were prescribed EMA as the number of occupied sites decreased. The number of S/N sites prescribed EMA was not affected by b, except that no sites were treated when b = 0 ( Figure S8 ). The number of treated S/N sites never exceeded the number of occupied (S/O + U/O) sites, as the treatment (translocation) requires a source of head-started animals from occupied sites. One site would not provide enough animals for translocations to multiple sites. Belief in model EMA (b) had the strongest effect on the number of S/O sites assigned treatment; only when b > 0.7 would all S/O sites be treated ( Figure S7) .
Intuition for these results can be gained by considering the impact of enhanced treatments on the occupancy goal. The combination of treated U/O and S/N sites results in a relatively large increase in the probability of occupancy at both site types (25.8 and 42.7%, respectively). Treating S/O sites, on the other hand, resulted in only an 8.1% increase in occupancy probability in the next period (Table 1) . Although the treatment costs for U/O sites are high (Table 2 ), in combination with treating an S/N site it provides a relatively cost-effective way to increase the number of occupied sites-especially if there are few S/O sites available to treat. If we examine the cost per expected increase in the number of occupied sites, it would cost $13,354 to ensure a S/O site remains occupied, whereas ensuring subsequent occupancy of one S/N site and one U/O site would cost $16,424, which is comparable.
| Simulations
At t = 25, we found large differences between model EMA and model FSQ in expected number of sites per category (Figures 3 and 4) . Under model FSQ, the number of occupied sites steadily declined over time, indicating that populations would become extirpated. Initial system state S 0 did not strongly affect the amount of time to reach a steady state (Figure 3 vs. Figure 4) , but the two models differed greatly in convergence time; under model EMA, steady state was reached in~5 years; under model FSQ, it took >25 years (Figures 3 and 4) . These results were obtained using a utility weight of w = 0.75 in the objective function; with less weight on population persistence (e.g., w = 0.50), there were fewer sites occupied ( Figure S11a ) and treated ( Figure S11b ).
Our simulations indicated that both cluster size (total number of sites) and initial system state S 0 (sites per category) affected learning speed (i.e., how quickly we discriminate between competing models; Figure 5 ). Assuming model EMA is true (i.e., extra management actions are effective), b increased fastest when N = 10, and slowest when N = 4 (Figure 5a ). When the initial state S 0 was all U/O sites (i.e., {0,0,8,0}), learning speed was most rapid (Figure 5b) . Initial states S 0 of {0,8,0,0} (all S/N) and {0,0,0,8} (all U/N) represent the absorbing state in which no actions are taken, so no learning is possible (i.e., b did not change over time; Figure 5b ).
| Expected value of perfect information
For the N = 4 case that we evaluated, five of the 35 states had no occupied sites ({0,4,0,0}, {0,3,0,1}, {0,2,0,2},  {0,1,0,3}, and {0,0,0,4}) ; because these represent the Figure 6 ). For the other 30 states, EVPI was relatively small (<1.5%). Absolute EVPI peaked at a mean b of 0.82 (range: 0.71-0.87; Figure 6 ). Thus, EVPI is not maximized when uncertainty is maximized (b = 0.5), but at the point of greatest ambiguity about the optimal action. The belief in EMA must be quite high before one is willing to consider the additional, costly management actions.
| DISCUSSION
We used a category count model to generate a preliminary optimal decision policy for flatwoods salamander habitat restoration and population management. We included an absorbing state to account for scenarios of local (metapopulation) extirpation; if all sites within a cluster become unoccupied, there is no chance to reestablish that metapopulation within our model. This constraint reflects our belief that natural recolonization from another metapopulation is extremely unlikely. If extirpated, restoration efforts and cost could far exceed costs associated with preventing the metapopulation from becoming extirpated in the first place. When we generated an optimal policy without an absorbing state, our simulations showed the number of occupied wetlands remaining stable over time under the FSQ model ( Figure S12 ). Such a policy could give managers a false sense of security due to a lower perceived risk of extirpation.
Overall, we found that experts thought extra management actions would substantially improve chances of salamanders persisting at SMNWR. Differences between transition models P FSQ and P EMA revealed some hypotheses that experts used in their reasoning. First, experts indicated that, regardless of habitat quality, they were more optimistic about maintaining occupancy (O ! O) than repatriating unoccupied sites (N ! O). This finding could reflect a hidden assumption that occupied sites are inherently more suitable for salamanders, even if we cannot detect a difference in habitat suitability or identify an explanation. Second, experts were more optimistic that extra management actions would successfully restore habitat (U ! S) than occupancy (N ! O) within one time step. For U/N sites, the probability of becoming S/O was low under both strategies, but there was a moderate chance of improving the habitat component in a single time step (30% with P FSQ , 70% with P EMA ). This result suggests that experts anticipated a U/N ! S/O transition taking more than 1 year, with habitat restoration occurring before repatriation of salamanders.
Under simulations when additional management actions were not effective, the proportion of occupied wetlands declined rapidly (Right columns in Figures 3  and 4 ). Only when additional management actions were Figures 3 and 4) . While our simulations project that the P EMA model would lead to persistence of salamander populations in this system, it is important to note that those extra management actions represent substantial efforts that would not necessarily be implemented at other properties with remaining flatwoods salamander populations. We caution that these results may be optimistic, as even the "do nothing" action (FSQ) involves increased management efforts relative to previous practices. Our simulation results show that even this improved management strategy ("future status quo" of frequent, growing-season burns) is likely not sufficient for flatwoods salamander persistence. Additional actions, such as targeted prescribed burns within wetland basins, will likely be necessary. These findings underscore the urgent need to restore flatwoods salamander habitat across the species' ranges.
Our finding that EVPI peaked around b = 0.8 indicates that it is most advantageous to resolve our uncertainty when we are fairly confident that P EMA is the correct model. According to the optimal policy, we would treat most sites with extra management actions when b ≥ 0.8 ( Figures S7-S10) , with the nature of the extra actions dependent on the category (e.g., head-starting is done at S/O sites). Thus, our management costs would be high, yet we would not be completely confident in the actions' effectiveness. At that point, our results suggest a potential benefit in spending a bit more in the short-term to increase learning in exchange for long-term benefits from resolving uncertainty.
Several points concerning assumptions in our modeling framework are noteworthy. First, use of a multiattribute utility function such as ours requires that all objectives be in the same "currency." In our case, it was quite difficult to assign a monetary damage cost (in dollars) for unoccupied sites, so we simply assigned damage costs as [0,1] and normalized management costs to the interval [0,1]. The utility weight w then represents the emphasis on minimizing damage cost (relative to management costs), and the optimal policy will reflect the choice for this weight. We emphasize that the choice of utility weight is the purview of the decision maker, which can be elicited using established methods (e.g., swing weighting, analytic hierarchy process); our use of w = 0.75 is primarily for illustrative purposes. Another option for coping with damage and management costs in different currencies is to set one as a constraint. Thus, the objective could be to minimize damage costs subject to a budget constraint, or to minimize management costs for an acceptable level of damage. Finally, we note our multi-attribute utility function is linear in damage and management costs, which implies an assumption of risk neutrality on the part of the decision maker. Nonlinear forms are necessary to express either riskaverse or risk-seeking behavior. Like our assumption about utility weight, our assumption of risk neutrality is for illustrative purposes only.
A general utility of this modeling framework is the ease of updating transition probabilities based on monitoring efforts following the initial management actions. This is especially useful in situations with high model uncertainty because it allows managers to test hypotheses about how the species and habitat will respond to actions. In our flatwoods salamander case study, we are uncertain about how successful our proposed actions will be-that is, how close the true transition probabilities will be to the elicited values. This framework will also enable us to easily update cost estimates based on actual expenses, which could have a large impact on the optimal policy. We also conducted some exploratory analyses that quantified the rate of learning as a function of the number of sites considered ( Figure 5 ). Not surprisingly, the pace of learning is much slower with fewer sites, which is another "curse" associated with the management of small metapopulations.
There are numerous ways to extend this framework to other situations. In some management scenarios, there may be actions that differentially affect occupancy and habitat. For instance, a prescribed burn applied during breeding migrations could significantly improve salamander habitat but directly harm the migrating animals. This model could be modified to include these types of tradeoffs; that would be a means to incorporate risks associated with managing threatened and endangered species (Runge, 2011) . One could also extend this model to explicitly investigate the effect of transition probability uncertainty (e.g., by using a Dirichlet distribution). In cases where imperfect detection is a major concern, one could employ a partially observable Markov decision process (POMDP) to account for the inability to perfectly observe the status of a site (e.g., occupancy status; Williams, 2011b , Fackler et al., 2014 . This approach would enable updated beliefs to incorporate the observational uncertainty and therefore to ultimately discriminate among alternative models (i.e., to learn).
Although there are ways to extend the approach we outline here, the fundamental structure allows us to initiate well-informed conservation actions, even in the face of great uncertainty. Importantly, our results highlight the concerted efforts that will likely be needed to fully recover flatwoods salamander populations-even in relative "stronghold" locations like SMNWR. Some management actions have been implemented since the workshop, and some (e.g., head-starting) have even been adopted by managers of other flatwoods salamander populations. However, some actions, including growingseason burns, have proven more difficult to implement than expected. Further development of the model (prior to full implementation) could assess the effect of this partial controllability. The flexibility of the modeling approach we have presented will enable us to continue refining our decision policy as new information becomes available.
